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Ant colony optimizationAbstract Quantitative structure–property relationship (QSPR) studies based on ant colony opti-
mization (ACO) were carried out for the prediction of kmax of 9,10-anthraquinone derivatives.
ACO is a meta-heuristic algorithm, which is derived from the observation of real ants and proposed
to feature selection. After optimization of 3D geometry of structures by the semi-empirical quan-
tum-chemical calculation at AM1 level, different descriptors were calculated by the HyperChem
and Dragon softwares (1514 descriptors). A major problem of QSPR is the high dimensionality
of the descriptor space; therefore, descriptor selection is the most important step. In this paper,
an ACO algorithm was used to select the best descriptors. Then selected descriptors were applied
for model development using multiple linear regression. The average absolute relative deviation
and correlation coefﬁcient for the calibration set were obtained as 3.3% and 0.9591, respectively,
while the average absolute relative deviation and correlation coefﬁcient for the prediction set were
obtained as 5.0% and 0.9526, respectively. The results showed that the applied procedure is suitable
for prediction of kmax of 9,10-anthraquinone derivatives.
ª 2013 Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Anthraquinone (9,10-dioxoanthracene) is an aromatic organic
compound and it is a derivative of anthracene. 9,10-Anthraqui-
nones (see Fig. 1), as the largest group of naturally occurringquinones, are of importance both in industry (Thomson, 1971)
and in medicine (Zembower et al.,1992). Anthraquinone is used
in production of dyes, such as alizarin. Anthraquinone dyes are
one of the oldest types of dyes used commercially.Many natural
pigments are derivatives of anthraquinone. In addition to awide
variety of chemical and industrial applications, the synthetic
derivatives of anthraquinones, as well as naturally occurring
derivatives, have been used.
One of the main difﬁculties in determining the color of or-
ganic compounds is the astonishing accuracy of the standard
human eye, which can distinguish, in some parts of the visible
spectra (typically in the green region), differences of coloration
corresponding to less than 1 nm kmax shifts. Nevertheless, in
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Figure 1 9,10-Anthraquinone and its substitution positions.
S548 M. Atabati et al.regard to practical industrial applications, the theoretical cal-
culations could be regarded as serious competitors to experi-
mental approaches for developing new dyes and/or pigments
if they were to deliver an estimate of the kmax values within
5–15 nm accuracy. Such a chemical accuracy for large conju-
gated molecules is still a tremendous challenge for the model-
ization approaches (Perpe`te et al., 2006).
In the present work, kmax values for 9,10-anthraquinone
derivatives have been investigated by Ant Colony Optimiza-
tion (ACO).
ACO, as a new general purpose meta-heuristic algorithm,
was proposed by Dorigo et al. (Dorigo, 1992; Colorni et al.,
1991) in 1991–1992 for solving complicated optimization pro-
cesses, and ﬁrst applied in traveling salesman problem (TSP).
The method is inspired by the behavior of real ant colonies,
wherein ants always ﬁnd the shortest path between their nest
and a food source, thanks to local message exchange via the
deposition of pheromone trails. Each ant probabilistically pre-
fers to follow a direction rich in this chemical. The pheromone
decays over time, resulting in much less pheromone on less
popular paths. Given that over time the shortest route will
have the higher rate of ant traversal, this path will be rein-
forced and the others diminished until all ants follow the same,
shortest path (the ‘‘system’’ has converged to a single solution)
(Bonabeau et al., 1999).
It is interesting to note that in spite of high abilities of the
ACO, this procedure was entered to the ﬁeld of chemistry with
some delay, and only a few publications based on ACO have
been reported in the chemical literature, e.g. feature selection
in QSAR and QSPR analyses (Izrailev and Agraﬁotis, 2002;
Shen et al., 2005; Atabati et al., 2010a,b) and analysis of the
ﬁrst derivative ﬂuorescence spectra (Ding et al., 2002).
The ﬁeld of ‘‘ant algorithm’’ studies models which have been
derived from the observation of real ants’ behavior, and usesFigure 2 Experimental setup for the double bridge experiment. (a) Bthese models as a source of inspiration for the design of novel
algorithms for the solution of optimization and distributed con-
trol problems. One of the most successful examples of ant algo-
rithms is known as ‘‘ant colony optimization’’ or ACO.
In many ant species, individual ants may deposit a phero-
mone (a particular chemical that ants can smell) on the ground
while walking. By depositing pheromone, they create a trail
that is used, for example, to mark the path from the nest to
food sources and back. Also they are capable of exploiting
pheromone trails to choose the shortest among the available
paths taking to food. The pheromone trail-laying and -follow-
ing behavior of some ant species has been investigated in con-
trolled experiments by several researchers. One particularly
brilliant experiment was designed and run by Deneubourg
and Goss, who used a double bridge connecting a nest of ants
and a food source. In the ﬁrst experiment the bridge had two
branches of equal length (Fig. 2a). Ants were left free to move
between the nest and the food source and the percentage of
ants that choose one or the other of the two branches were ob-
served over time. The outcome was that eventually all the ants
used the same branch. In the second experiment, the long
branch was twice as long as the short one (Fig. 2b). In this
case, in most of the trails, after some time all the ants chose
to use only the short branch. The double bridge experiments
show clearly that ant colonies have a built-in optimization
capability: by the use of probabilistic rules based on local
information they can ﬁnd the shortest path between two points
in their environment. Interestingly, by taking inspiration from
the double bridge experiments, it is possible to design artiﬁcial
ants that, by moving on a graph modeling the double bridge,
ﬁnd the shortest path between the two nodes corresponding
to the nest and to the food source (Dorigo and Stutzle, 2004;
Dorigo and Caro, 1999; Toksari, 2006).
2. Results and discussion
2.1. Data set
Maximum wavelength (kmax) values for set of 66 9,10-anthra-
quinone derivatives have been investigated by ACO. Experi-
mental kmax values of these compounds in CH2Cl2 solvent
were assembled from previous publications (Lambert, 1957;
Perpe`te et al., 2006). The data set was randomly divided in
two groups, a calibration set and a prediction set consisting
of 36 and 30 compounds, respectively (Table 1). The calibra-
tion set was used for the model generation and the prediction
set was used for the evaluation of the generated model.ranches have equal length. (b) Branches have different length.
Table 1 Data set and corresponding experimental and calculated values of kmax.
No Substituents descriptors kmax (nm)
MATS4e RDF020v RDF020p RTe+ EHOMO Exp Cal
1p 2-F 0. 19 0. 26 0. 33 0. 19 10. 04 325 321. 6
2c – 0. 16 0. 32 0. 40 0. 20 10. 12 327 323. 3
3p 2- Cl 0. 21 0. 27 0. 34 0. 19 10. 02 330 320. 0
4p 2, 3-Cl 0. 27 0. 23 0. 29 0. 19 10. 03 330 309. 8
5c 2, 3-Br 0. 27 0. 74 0. 93 0. 19 10. 09 330 329. 2
6p 2, 6 - Cl 0. 27 0. 22 0. 27 0. 19 10. 09 330 305. 3
7p 2, 7- Cl 0. 27 0. 22 0. 27 0. 19 10. 07 330 307. 0
8p 1-NO2, 4-Cl 0. 19 0. 28 0. 34 0. 27 8. 49 335 423. 0
9p 1-Cl 0. 07 0. 28 0. 35 0. 22 9. 92 337 346. 5
10c 1, 8-Cl 0. 05 0. 24 0. 30 0. 24 9. 90 344 348. 7
11c 1, 5-Cl 0. 05 0. 23 0. 29 0. 20 9.91 347 350. 6
12c 1, 4-Cl 0. 05 0. 25 0. 31 0. 20 9. 80 350 358. 8
13p 2-OMe 0. 16 0. 55 0. 67 0. 28 9. 50 363 380. 2
14c 2-OH 0. 17 0. 39 0. 49 0. 27 9. 62 365 350. 6
15p 1-OMe 0. 01 0. 57 0. 69 0. 29 9. 39 380 410. 3
16c 1, 8- OMe 0. 06 0. 81 0. 96 0. 15 9. 38 385 457. 3
17p 1-OH 0. 03 0. 41 0. 51 0. 19 9. 53 405 386. 0
18p 1-Cl, 2-NH2 0. 13 0. 68 0. 86 0. 23 8. 82 405 423. 2
19c 2-NH2, 3-Br 0. 24 0. 94 1. 19 0. 18 8. 92 406 416. 1
20p 1-NO2, 2-NH2 0. 10 0. 83 1. 00 0. 23 9. 48 410 415. 5
21c 1-NHCOMe 0. 04 1. 25 1. 63 0. 28 9. 19 410 410. 3
22p 2-NH2 0. 14 0. 75 0. 95 0. 19 8. 76 410 431. 7
23p 2-NH2, 3-Cl 0. 25 0. 68 0. 86 0. 19 8. 87 414 405. 2
24c 1-NHCOPh 0. 10 1. 30 1. 63 0. 19 9. 09 415 448. 4
25p 1, 2-OH 0. 15 0. 50 0. 63 0. 23 9. 29 416 383. 1
26c 2-NH2, 3-NO2 0. 17 0. 90 1. 08 0. 17 9. 47 420 421. 1
27c 1, 5-OH 0. 02 0. 69 0. 86 0. 18 9. 41 428 420. 9
28c 1, 8-OH 0. 02 0. 69 0. 85 0. 18 9. 39 430 422. 4
29c 1-SMe 0. 08 0. 29 0. 37 0. 29 8. 32 438 441. 6
30c 2, 3-NH2 0. 21 1. 07 1. 38 0. 17 8. 08 442 471. 5
31c 1-NH2, 4-NO2 0. 13 0. 91 1. 12 0. 40 8. 06 460 484. 2
32p 1-NH2, 5-OMe 0. 05 1. 13 1. 39 0. 28 8. 64 460 499. 5
33c 1-NH2 0. 04 0. 87 1. 08 0. 19 8. 67 465 465. 7
34c 1-NH2, 2-Me 0. 06 0. 94 1. 17 0. 28 8. 57 465 463. 8
35c 1-NH2, 4-Cl 0. 01 0. 85 1. 06 0. 20 8. 69 466 472. 9
36c 1-NH2, 6-Cl 0. 11 0. 84 1. 05 0. 18 8. 76 470 448. 8
37p 2-NMe 0. 07 0. 76 0. 93 0. 16 8. 51 470 476. 7
38p 1-NH2, 2-Me, 4-Br 0. 00 1. 23 1. 53 0. 28 8. 68 473 481. 5
39p 1-NH2, 2-NHCOPh 0. 14 1. 48 1. 87 0. 11 8. 86 475 464. 6
40c 1,4-OH 0. 02 0. 68 0. 85 0. 18 9. 06 476 442. 5
41c 1-NH2, 6,7-Cl 0. 17 0. 80 0. 99 0. 19 8. 83 477 432. 0
42p 1, 2-NH2 0. 13 1. 42 1. 79 0. 18 8. 57 480 478. 2
43p 1, 5-NH2 0. 04 1. 44 1. 79 0. 18 8. 46 480 480. 0
44p 1, 4-NHCOPh 0. 07 1. 75 2. 20 0. 11 8. 67 490 505. 7
45c 1, 8-NH2 0. 04 1. 45 1. 79 0. 21 8. 42 492 527. 3
46c 1-NH2, 4-OMe 0. 05 1. 09 1. 34 0. 15 8. 72 500 499. 2
47c 1-NMe2 0. 03 0. 72 0. 86 0. 14 8. 75 504 482. 3
48p 1-NHMe 0. 03 1. 08 1. 32 0. 29 8. 53 508 491. 0
49c 1-NHPh 0. 01 1. 28 1. 61 0. 16 8. 30 508 509. 4
50c 1-NHMe, 4-Br 0. 02 1. 34 1. 65 0. 29 8. 63 510 503. 4
51c 1-NO2, 4,5,8-OH 0. 10 1. 08 1. 30 0. 42 8. 35 510 490. 8
52c 1-OH, 4-NH2 0. 04 0. 96 1. 20 0. 19 8. 35 520 503. 0
53p 1-OH, 2,4-NH2 0. 00 1. 65 2. 06 0. 18 8. 37 530 529. 9
54c 1-NH2, 4-NHCOPh 0. 03 1. 54 1. 92 0. 13 8. 31 532 526. 4
55c 1- NHMe, 4 -OMe 0. 07 1. 29 1. 57 0. 13 8. 56 540 534. 8
56c 1, 4-NH2 0. 04 1. 46 1. 81 0. 17 7. 79 550 571. 9
57p 1, 4-NH2, 2-OMe 0. 01 1. 69 2. 09 0. 14 8. 02 550 566. 1
58p 1-OH, 4-NHPh 0. 08 1. 56 1. 96 0. 17 8. 32 566 535. 0
59c 1-NH2, 4-NHPh 0. 08 1. 56 1. 96 0. 17 7. 14 590 611. 1
60p 1, 5-NH2, 4, 8-OH 0. 11 1. 94 2. 40 0. 18 8. 11 590 585. 4
61c 1-NH2, 4-NHMe 0. 05 1. 63 2. 03 0. 18 8. 06 590 558. 3
62c 1, 4, 5, 8-NH2 0. 15 2. 44 3. 09 0. 14 7. 95 610 604. 1
63c 1, 4-NHMe 0. 06 1. 83 2. 26 0. 16 7. 98 620 588. 5
64p 1, 4-NHPh 0. 09 2. 30 2. 89 0. 13 7. 90 620 602. 0
65p 1-NHMe, 4-NHPh 0. 08 2. 32 2. 88 0. 15 7. 91 625 613. 2
66p 1, 4-NH2, 2-NO2 -0. 04 1. 58 1. 89 0. 18 8. 33 645 563. 7
C = Calibration set, P = Prediction set.
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Figure 3 Relationship between the experimental and calculated
kmax Values of 9,10-anthraquinones in calibration set.
S550 M. Atabati et al.2.2. Descriptor generation
Structures of the molecules were drawn in the HyperChem Ver.
7.0 (Hypercube, Inc.). The optimization of the molecular struc-
tures was carried out by the semi-empirical AM1 method using
the Polack-Ribiere algorithm until the root mean square gradi-
ent was 0.1 kcal/Amole. After optimization of the molecular
structures different quantum-chemical descriptors were calcu-
lated by HyperChem Ver. 7.0 (17 descriptors) and Dragon
Ver. 3.0 (1497 descriptors). After elimination of descriptors with
zero value and descriptors with same value for all molecules, the
remained descriptors (1225 descriptors) were used.
2.3. Selection of descriptors
For the selection of the most important descriptors the ACO
was used. Ant colony optimization program was written in
Matlab (Ver. 7.0.4) in our laboratory.
For a descriptor selection problem expressed in a binary
notation, an ant moves in an N-dimensional search space of
N descriptors, its motion is restricted to 0 or 1 on each dimen-
sion. State ‘‘1’’ represents the selection of this descriptor and
state ‘‘0’’ represents the reverse. In binary descriptor selection
problem, every ant selects the descriptors which were deter-
mined by a moving probability of 0 or 1. The pheromone levels
on each dimension (descriptor) rather than on a path are di-
vided into two kinds, si0 and si1, which represent the phero-
mone of a dimension i taking the value 1 and 0, respectively.
The pheromone levels corresponding to a dimension taking
the value 1 or 0 are updated according to the updating rule.
si0ðnewÞ ¼ qsi0ðoldÞ þ Dsi0 ð1Þ
Dsi0 ¼
Xm
k¼1
DsðkÞi0 ð2Þ
si1ðnewÞ ¼ qsi1ðoldÞ þ Dsi1 ð3Þ
Dsi1 ¼
Xm
k¼1
DsðkÞi1 ð4Þ
where .Dsi0 andDsi1 presented the increment of pheromone cor-
responding to the i dimension taking the value 1 or 0 at this circle.
DsðkÞi0 and Ds
ðkÞ
i1 showed the amount of pheromone that ant k left
on the descriptor i at this circle. m is the total number of ants and
q is a coefﬁcient (0 < q<1)which represents the extent the phero-
mone retained on the path. For each dimension, the intensity of the
pheromone at time 0 (si0 and si1) is set to 0. This procedure has been
explained clearly by Shen et al. (Shen et al., 2005).
In this work the total number of ants (m) was 1 · 106 and
the number of iteration was 1 · 106 with q= 0.001.
On the basis of ACO ﬁve descriptors (EHOMO, MATS4e,
RDF020v, RDF020p and RTe+) were selected and taken as
independent variables to build quantitative structure–property
relationship (QSPR) models with the multiple linear regression
(MLR) method (ACO-MLR) for prediction of kmax for 9,10-
anthraquinone derivatives.
kmax ¼154:4ð50:2ÞðMATS4eÞ þ 654:5ð221:5ÞðRDF020vÞ
 485:0ð175:6ÞðRDF020pÞ  80:3ð67:8ÞðRTeþÞ
þ 64:4ð8:8ÞðEHOMOÞ þ 1003:4ð91:4Þ ð5Þr = 0.9591; R2 = 0.920; F = 68.9; s = 24.0; n = 36
In stepwise regression (SR-MLR) (with the same number of
descriptors) the correlation coefﬁcient was 0.9603 vs. 0.9591 in
this model but the average absolute relative deviation was
3.8% vs. 3.3% in this model.
In Eq. 5, EHOMO is the highest occupied molecular orbital
energy. MATS4e is Moran autocorrelation-lag4 / weighted
by atomic Sanderson electronegativities. This descriptor is rep-
resenting spatial autocorrelations in molecular graphs that
usual involves values between + 1 and -1. RDF020v is radial
distribution function – 2.0 / weighted by Van der Waals vol-
umes and RDF020p is radial distribution function – 2.0 /
weighted by atomic polarizabilities. These descriptors are
based on the distance distribution in the geometrical represen-
tation of a molecular and constitute a radial distribution func-
tion code (RDF code) that shows certain characteristics in
common with the 3D-Morse code. RTe+ is R maximal index
/ weighted by atomic Sanderson electronegativity GETAWAY
descriptors. GETAWAY (geometry, topology and atom-
weights assembly) descriptors were developed by Milano
chemometrics and the QSAR research group. GETAWAY
descriptors are based on a leverage matrix similar to that de-
ﬁned in statistics and usually used for regression as a new
molecular representation easily calculated from the spatial
coordinates of the molecular atoms in a chosen conformation
(Todeschini and Cosonni, 2009).
In previous work (Atabati et al., 2010b) about prediction of
kmax of 1,4-naphthoquinone derivatives, ELUMO is one of the
three selected descriptors, therefore it seems energy levels
(EHOMO & ELUMO) are important for modeling of kmax of
compounds.
The values of selected descriptors by ACO and calculated
values of kmax are shown in Table 1. The calibration set was
used for the model generation (Eq. (5)) and the prediction
set was used for the evaluation of the generated model.
The relationships between experimental and calculated val-
ues of kmax for the calibration and prediction sets are shown in
Figs. 3 and 4, respectively. The average absolute relative devi-
ation and correlation coefﬁcient for the calibration set were
3.3% and 0.9591, respectively, while the average absolute rel-
ative deviation and correlation coefﬁcient for the prediction
set were 5.0% and 0.9526, respectively. The R2 of prediction
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Figure 4 Relationship between the experimental and calculated
kmax Values of 9,10-anthraquinones in prediction set.
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2, average rm
2 and delta rm
2 values for the
data set were 0.9112, 0.8706 and 0.0814, respectively (Roy
et al., 2012). The results show that the applied procedure
was suitable for prediction of kmax for 9,10-anthraquinone
derivatives.
3. Conclusion
The main aim of the present work was the development of a
QSPR method using ACO-MLR for the prediction of kmax
of 9,10-anthraquinone derivatives. A major problem of QSPR
is the high dimensionality of the descriptor space; therefore,
descriptor selection is the most important step. The ant colony
optimization (ACO) algorithm, which is constructed based on
the behavior of real ants, is described as a powerful optimiza-
tion algorithm for the selection of best descriptors. The opti-
mal subset of descriptors that have signiﬁcance to the kmax
of 9,10-anthraquinone derivatives was selected by ACO. The
resulting data indicate that the proposed method can be usedto predict the kmax of 9,10-anthraquinone derivatives and also
reveal that the ACO is a useful tool for descriptor selection
with nice performance.
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